Spatial panel data models have been widely studied and applied in both scientific and social science disciplines, especially in the analysis of spatial influence. In this paper, we consider the spatial dynamic nonparametric Durbin model (SDNDM) with fixed effects, which takes the nonlinear factors into account base on the spatial dynamic panel data models (SDPDM). Above all, we propose an iterative approach to estimate the spatial dynamic nonparametric Durbin model with corresponding hypothesis test and we find that convergence occurs since the second iteration. So we use a three stage iterative approach to improve the iterative approach. The results indicate that the three stage iterative approach is more reliable when T or N is large and the accuracy of the nonparametric components estimation is very important. We believe that the three stage iterative approach can be applied to other spatial dynamic nonparametric panel data models as well.
INTRODUCTION
Spatial panel data models have been widely used in many fields of economics to analyze the spatial interactions of different units. Recently, the spatial dynamic panel data model (SDPDM) draw more and more attention among spatial panel data models as it enables researchers to take into account the dynamic influences as well as the control of unobservable heterogeneity across units (Elhorst 2012) .
In SDPDM study, Lee, Yu and other scholars make a lot of rigorous research on the estimate method for different spatial dynamic panel data models (e.g. the ML estimator (MLE) and the QML estimator (QMLE) and their asymptotic properties analysis for SDPDM with ixed effects (Yu et al. 2008; Lee and Yu 2010) , the QMLE for unit root SDPDM with fixed effects , the QMLE of SDPDM with time varying spatial weights matrices , the QMLE for SDPDM with random effects (Parent and Lesage 2012) , GMME for SDPDM (Cleveland 1979 
Contribution of this paper to the literature
• Theoretically, the advantages of integrating spatial econometrics and nonparametric econometrics are integrated to expand the separate research fields and application domains.
• Non-linear relationship is included in the research field of the spatial dynamic panel data model in order to examine the nonlinear effects between different spatial units.
•
The logic sequence of traditional methods is changed to put non-linear effects in the first place when estimating and applying the spatial dynamic panel data model so as to reduce the effect of model specification errors.
THEORY AND METHODOLOGY

The Spatial Dynamic Nonparametric Durbin Model with Fixed Effects
In this paper, we consider a spatial dynamic nonparametric Durbin model with the dynamic effects, the endogenous interaction effects, the exogenous interaction effects and the fixed effects, which takes the form 
Method
To estimate the spatial dynamic nonparametric Durbin models with fixed effects, we introduce an iterative approach based on the integration of maximum likelihood estimation and the partially linear model estimation.
Following Lesage and Pace (2009) 
The log likelihood function of (2), as if the disturbances were normally distributed, is  can be written as 
Then we use the local-linear estimator of
as the estimator of nonparametric component based on the results of Stone (1977) and Cleveland (1979) .
is the kernel function and in this paper, we choose the Gaussian kernel
h is the optimal bandwidth and we calculate it based on the optimal smoothing results of Bowman and Azzalini (1997) : • Repeat the second step to the third step until convergence occurs. Then we can get the final estimation results of  ,
Hypothesis Tests
Base on the estimation method described in the previous section, we propose two hypothesis tests. The first is for hypothesis testing the nonparametric function and the second is for hypothesis testing of linear spatial regression parameters.
Testing the Nonparametric Component
The nonparametric estimate of   t M  provides us with descriptive information for exploratory data analysis and we can apply it to formulate a spatial panel model that takes into account the features which emerged from the nonlinear analysis. So we introduce the generalized likelihood ratio test (see Fan et al., 2001 ) to assess the appropriateness of a proposed spatial dynamic nonparametric Durbin model with fixed effects. Without loss of generality, we consider a simple linear null hypothesis. Accordingly, the null and alternative hypotheses are given as follows:
Where 0  and 1  are unknown constant parameters. Following the generalized likelihood ratio tests given by J. FAN (2001) 
To test the null hypothesis, we consider the following generalized likelihood ratio test:
Where 
Testing Parametric Components
Since the estimation of parametric components and nonparametric components are separated in the iterative process, the hypothesis testing of linear spatial regression parameters bases on the ML estimator of  , 2  and  . In this paper, we mainly consider the significance testing of the linear spatial regression coefficients  and  with their asymptotic properties, we assume that they obey the regularity assumptions of Lee and Yu (2010) . Denote 
Where    
Base on the conclusion of Lee (2004) , under the normal distribution assumption of  and the regularity assumptions of Lee and Yu (2010) 
RESULTS AND DISCUSSION
In this section, we conduct a Monte Carlo experiment to evaluate the performance of the iterative approach for the spatial dynamic nonparametric Durbin model with fixed effects. First of all, we consider a basic SDNDM with fixed effects, which samples are generated from the model as follows,
Where M (•) = sin (•). We use Then we estimate the spatial dynamic nonparametric Durbin model with fixed effects 1000 times by the iterative approach in the case with N=50, T=50 to check the performance of the iterative approach. The results of first 15 iterations are in Table 1 . For each iteration, we report the empirical bias (Bias), the empirical standard deviation (E-SD) and the empirical root mean square error (RMSE) of ML estimator of linear spatial regression parameters. Moreover, we evaluate the empirical standard deviation of () M  (MESD), the optimal bandwidth h, F-test based on (17), the freedom of the chi-square statistics n df and the right 0.01 quantile chi-square statistics From the results, convergence occurs since the second iteration except the estimation of constant, which diffuses by systematic error at a very small amount. The accuracy of estimation of each statistics including the linear spatial regression parameters and nonparametric function also meet the qualification since the second iteration and we can find it more clearly in Fig 2. The likelihood function and the empirical standard deviation of () M  (MESD) also get to stable since the second iteration. Similar conclusion also occur in other N and T, so we can use a three stage iterative approach instead of the iterative approach to reduce systematic error and calculated amount while maintaining the accuracy.
The Improvement of Approach: Three Stage Iterative Approach
As the preceding analysis, convergence occurs since the second iteration, so we use three stage iterative approach to improve the iterative approach as follows: 
CONCLUSION
In the spatial dynamic nonparametric Durbin model with fixed effect, we propose using the three stage iterative approach to shrink parameters contained in both parametric and nonparametric components with corresponding hypothesis test. The resulting estimators indicate that the three stage iterative approach is more reliable when T or N is large and the accuracy of estimation of () M  is very important for the estimation of parametric components. We believe that the three stage iterative approach is reliable and effective estimation method for the spatial dynamic nonparametric Durbin models with fixed effects, improving the estimation accuracy of nonparametric components would enhance the reliability of three stage iterative approach in data analysis.
